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Agriculture in Brazilian Amazonia is going through a period of intensifica-
tion. Crop mapping is important in understanding the way this intensification
is occurring and the impact it is having. Two successive classifications based
on MODIS (MODerate Resolution Imaging Spectroradiometer)-TERRA/EVI
(Enhanced Vegetation Index) time series are applied (1) to map agricultural areas
and (2) to identify five crop classes. These classes represent agricultural practices
involving three commercial crops (soybean, maize and cotton) planted in single or
double cropping systems. Both classifications are based on five steps: (1) analysis of
theMODIS/EVI time series, (2) application of a smoothing algorithm, (3) applica-
tion of a feature selection/extraction process to reduce the data set dimensionality,
(4) application of a classifier and (5) application of a post-classification treatment.
The first classification detected 95% of the agricultural areas (5 617 250 ha dur-
ing the 2006–2007 harvest) and correlation coefficients with agricultural statistics
exceeded 0.98 for the three crop classes at municipality level. The second classifica-
tion (overall accuracy = 74% and kappa index = 0.675) allowed us to obtain the
spatial variability mapping of agricultural practices in the state of Mato Grosso.
A total of 30% of the total planted area was cultivated through double cropping
systems, especially along the BR163 highway and in the Parecis plateau region.
*Corresponding author. Email: vincent.dubreuil@univ-rennes2.fr
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2 D. Arvor et al.
1. Introduction
1.1 Issues of agricultural intensification in Amazonia
Up-to-date agricultural statistics are essential to guarantee an efficient monitoring of
crop conditions and spatio-temporal land use dynamics. The first data to be quantified
are of the cultivated area for each crop; this is necessary for crop production estimates
and land use change analyses. This last information is essential to evaluate agricultural
intensification in a given region. Agricultural intensification is defined as ‘higher levels
of inputs and increased outputs (in quantity or value) of cultivated or reared prod-
ucts per unit area and time’ (Lambin et al. 2001). According to Brown et al. (2007), a
distinction must be made between horizontal and vertical intensification. Horizontal
intensification is ‘change in total production on recently deforested land’, while verti-
cal intensification is ‘change in total production in areas where society is generally not
concerned about effects of agricultural expansion: non-forest areas’.
Studying agricultural intensification is important in the Brazilian Amazonian state
of Mato Grosso (figure 1) owing to the rapid expansion of cultivated areas that has
occurred over the last 20 years. Planted soybean areas increased from 1.5 million to
6 million hectares between 1990 and 2005, according to official statistics from the
Brazilian Institute of Geography and Statistics (IBGE 2008). Such an expansion made
strong environmental impacts that are described by Fearnside (2001). Overall, a large
increase of cultivated areas with commercial crops has been related to deforestation
rates (Fearnside 2001, Cardille and Foley 2003, Morton et al. 2006). Morton et al.
(2006) estimated that more than 10 000 km2 of forest and cerrado (Brazilian savanna)
were replaced by crops inMato Grosso between 2001 and 2004. Moreover, widespread
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Figure 1. Location of the State of Mato Grosso relative to the South American continent and
Brazil and its main cities and roads. The visited area for ground data collection about crops
classes is also presented.
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Crop classification in Mato Grosso, Brazil 3
use of large quantities of agrotoxic chemicals (6 or 7 applications for soybean and
up to 15 applications for cotton crops) has led to new concerns about water pollu-
tion (Zeilhofer and Fonseca 2007). However, efforts towards vertical intensification
incentives have recently led to the adoption of new agronomical techniques in agree-
ment with environmental and labour legislation (Nepstad et al. 2006b). Since the
early 2000s, agronomical enhancements in Mato Grosso mainly refer to the adop-
tion of a double cropping system based on three main crops: soybean, maize and
cotton. Soybean is planted as the main crop, while maize or cotton is planted sub-
sequent to the soybean harvest. Along with the double cropping system, no-tillage
planting techniques have been applied in order to improve soil conservation (Matson
et al. 1997, Scopel et al. 2005). These techniques, based on the constant presence of
vegetation cover, are expected to improve soil conservation leading to an increase
in production per hectare, resulting in additional and appreciated income for farm-
ers. Furthermore, the double cropping system is a sign of diversification. According
to Quiroz and Valdés (1995), this process reduces regional economy vulnerability
to variations in price of commodities. However, these same authors warn that ‘at
the individual producer’s level, the scopes for agricultural diversification in response
to economic liberalization are significantly limited by co-movement of international
prices of commodities’.
Finally, agricultural data such as cultivated area, production and yields, have agro-
nomical, economical and environmental applications (Allen et al. 2002, Lobell and
Asner 2004), which are highly interconnected. This interconnection can be analysed
by evaluating the evolution and importance of vertical intensification compared with
those of horizontal intensification. It is now questioned as to whether vertical intensifi-
cation might represent a signal of enhancement of sustainability by favouring the local
economy and reducing environmental impacts, through better soil and water conser-
vation (even if it also increases the use of agrotoxic products). Moreover, improved
yields would indirectly reduce the pressure on forested or cerrado areas (Borlaug 2000,
Carpentier et al. 2000, Hecht 2005, Brown et al. 2007).
1.2 Contribution of remote sensing techniques for crop mapping
Before analysing the forms and effects of agricultural intensification, it is necessary to
map agricultural practices and crops efficiently. In many emergent countries such as
Brazil, agricultural statistics are collected through surveys with local subjects, leading
to a high level of uncertainty and subjectivity. Remote sensing techniques represent
an efficient tool to improve the quality of agricultural statistics. High spatial res-
olution data such as Landsat images have been used to map crops owing to their
good spatial accuracy (Allen et al. 2002). Major projects were developed in the USA
and the former USSR through the large area crop inventory experiment (LACIE)
project (Erickson 1984), and in the European Union through the monitoring agri-
culture through remote sensing techniques (MARS) project (Gallego 1999). Recent
studies have proven the usefulness of moderate resolution data in providing accurate
land cover/use classifications. For example, medium resolution imaging spectrometer
(MERIS) data (with 300 m spatial resolution) have been used to map land cover at a
global scale (GlobCover project, http://ionia1.esrin.esa.int/). In countries such as the
USA and Brazil, where agricultural areas are characterized by large open fields, mod-
erate resolution imaging spectroradiometer (MODIS) data have also been successfully
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4 D. Arvor et al.
processed to map agricultural areas (Brown et al. 2007, Doraiswamy et al. 2007,
Wardlow et al. 2007, Galford et al. 2008).
Indeed, MODIS data are commonly used for vegetation mapping. Its spectral
(36 bands), spatial (250 to 1000 m) and temporal (1 to 2 days) resolutions allow for
the construction of time series of vegetation indices (VIs), which are used for moni-
toring the spatio-temporal variability of vegetation. Normalized difference vegetation
index (NDVI) time series have been used to identify changes in both vegetation cover
and land use (Ferreira et al. 2003, Ferreira and Huete 2004, Anderson 2005, Lunetta
et al. 2006, Morton et al. 2006). However, the efficient use of VI time series for land
cover/use classification depends on the ability to remove noise, which is mainly due to
cloud cover and data transmission errors (Pettorelli et al. 2005).
Further improvements in the use of VI time series focused on crop mapping.
Wardlow et al. (2007) studied the ability of two VIs (enhanced vegetation index
(EVI) and NDVI) available in MODIS data (MOD13 product) to discriminate dif-
ferent crops and agricultural practices in the USA. Both indices were also used to get
extra information on intraclass variations. Complementary studies focusing on dis-
criminating crops were carried out in various regions worldwide. The same authors
mapped maize soybean and sorghum in Kansas based on NDVI time series processed
by a decision tree classifier (Wardlow and Egbert 2008). A similar methodology was
employed by Doraiswamy et al. (2007) to detect maize and soybean crops in Iowa
and Illinois. Chang et al. (2007) completed these works by computing metrics from
MODIS monthly NDVI data and 8 day land surface temperature (MOD11) data,
which were processed in a regression tree analysis. Lobell and Asner (2004) developed
a probabilistic temporal unmixing approach, applied to MODIS NDVI data to detect
crops in northern Mexico and the southern USA.
An additional use of multitemporal VI analysis concerns its ability in mapping agri-
cultural practices such as irrigation/non irrigation of fields (Wardlow et al. 2008) or
use of crop calendars (Fritz et al. 2008). Above all, double cropping systems have been
studied in order to characterize agricultural vertical intensification. In China, NDVI
data extracted from 8-day MOD09 products were used by Mingwei et al. (2008), who
distinguished single from double cropping systems by applying a Fourier analysis.
Brown et al. (2007) and Galford et al. (2008) also studied double cropping systems
in the Mato Grosso state in Brazil. They showed that the area cultivated in double
cropping systems had increased substantially since the early 2000s. However, these
two studies were focused on local areas around Vilhena (in the state of Rondonia,
west of Mato Grosso state) (Brown et al. 2007) and Comodoro (western part of the
state of Mato Grosso) (Galford et al. 2008). Thus, further studies should be conducted
in order to confirm these results at the state level and to identify any spatial variability
between different agricultural regions. Indeed, it is argued that local forces may influ-
ence producers to adopt new management practices such as double cropping systems.
These forces may be social (education and experience of farmers, contacts between
farmers), economical (access to credit, price of commodities) or environmental (soil
quality, climate) (Bravo-Ureta and Pinheiro 2003, Jasinski et al. 2005).
At a regional level, Wardlow and Egbert (2008), Chang et al. (2007) and
Doraiswamy et al. (2007) have demonstrated the usefulness of MODIS VI data in
mapping crops in regions characterized by homogenous landscapes (such as the US
Great Plains). The objective of the present work is to provide a methodology for map-
ping the main crops and agricultural practices on a regional scale for a Brazilian
Amazonian state. The Mato Grosso state was chosen as the study domain due to
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Crop classification in Mato Grosso, Brazil 5
its heterogeneous landscape. This heterogeneity is explained by the presence of an
active pioneer frontier that involves different populations (public and private colonists,
logging industries, indigenous societies), different natural conditions (climate, soil,
vegetation) and, consequently, different land uses and practices. The vegetation index
time series from the MODIS sensor on board the TERRA satellite was used in order
to test its potential to map the spatial and temporal variability of these land uses
and practices. Two successive supervised classifications were performed to create (1)
an agricultural mask and (2) a crop classification based on the detection of the main
crops encountered in Mato Grosso: soybean, maize and cotton crops planted in single
or double cropping systems.
2. Study area
The study area is the state of Mato Grosso, located in the Brazilian western-
central region, in the southern part of the Amazon basin (figure 1). This large state
(906 000 km2) has already been well studied for the intensive deforestation rates that
were observed over the past two decades (Dubreuil 2002). Thirty eight percent of the
total Amazonian deforestation that occurred between 1992 and 2005 was observed in
Mato Grosso (INPE (Instituto Nacional de Pesquisas Espaciais, Brazil) 2008). This
is explained by the colonization movement initiated by private and public parties in
the 1970s (Jepson 2006). This movement introduced mechanized agriculture first into
the plateaus of the cerrado (Brazilian savanna), before entering the forested areas. The
colonization was so efficient that Mato Grosso is nowadays one of the world’s biggest
soybean, maize and cotton producing regions (5 075 079, 1 650 471 and 560 838 ha
respectively, during the 2006–2007 harvest (IBGE 2008)). These three main commer-
cial crops are planted in single or double cropping systems during the rainy season,
which lasts from October to April. In this study, five classes were distinguished to rep-
resent the different agricultural practices applied in Mato Grosso. The single cropping
systems corresponded to the ‘soybean’ and ‘cotton’ classes while the double crop-
ping systems were represented by the ‘soybean + non-commercial crop’, ‘soybean +
maize’ and ‘soybean + maize’ classes. In this article we differentiate between systems
involving non-commercial crops (millet or sorghum) and commercial crops (maize or
cotton) planted after the soybean harvest. Even if both systems are examples of ver-
tical intensification through crop diversification, which ‘enhances ecosystem resilience
and sustained productivity by increasing soil biodiversity’ (Giller et al. 1997), the first
production system is only intended to improve the agronomical environment while the
second production system aims mainly at increasing the agricultural production and
its economic revenue.
3. Material
3.1 Ground data
Ground data sets were established in order to perform the two successive supervised
classifications. Data were collected from training sites of four classes (agriculture,
cerrado, forest and pasture) all over the state of Mato Grosso (figure 1), except for
the agriculture class, for which data were collected in 17 visited municipalities, in
order to take into account the regional variability of anthropic and natural vegetation
covers. Polygons representing pasture (41 243 ha) were identified through fieldwork
and photo-interpretation of CBERS-2B (China-Brazil Earth Resources Satellite 2B)
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6 D. Arvor et al.
images acquired at www.inpe.br for years 2005–2006 and 2006–2007. Considering that
creation of parks and demarcation of indigenous lands are efficient ways of inhibiting
deforestation in Amazonia, as showed by Nepstad et al. (2006a), polygons represent-
ing forest (285 881 ha) and cerrado (180 662 ha) were defined within protected areas
(indigenous areas and conservation units) selected across forest and cerrado biomes
according to a primary vegetation map of Mato Grosso created during the Project of
Agro-Environmental Development of Mato Grosso (PRODEAGRO) and provided
by the Secretary of State for the Environment (SEMA). Polygons representing agricul-
ture were identified through field studies in order to get a large number of ground data
corresponding to agricultural land use that would be used in both classifications. A
total of 50 farms belonging to 17 municipalities were visited in the two main agricul-
tural regions of Mato Grosso (along the BR163 highway and on the Parecis Plateau,
near Sapezal) (figure 1). Surveys were filled in by farmers and information about the
2005–2006 and 2006–2007 harvests was gathered. The information mainly concerned
the crops planted and the area planted at field level. However, for other scientific pur-
poses, information on planting and harvesting dates, yields and agricultural practices,
and biographical data were also collected, through the application of surveys estab-
lished as part of the DURAMAZ (Sustainable Development in the Brazilian Amazon)
project funded by the ANR (French National Agency for Research) (http://www.
iheal.univparis3.fr/spip.php?rubrique361). Printed maps of the largest farms already
exist and most of the required data (crops planted, yields and harvesting dates per
field) were obtained in digital format. On smaller farms, maps were directly digitized
in the presence of the farmers on 20 m resolution images from the CBERS-IIB satel-
lite, and data corresponding to each field and harvest were obtained and written down
in a table. All collected field information was finally mapped based on the CBERS-
IIB satellite and information on 102 396 ha of planted crops for the 2005–2006 period
as well as on 155 841 ha for the 2006–2007 period was collected. These data were
separated into the five land use classes as presented in table 1.
3.2 MODIS data
The MOD13Q1 products from July 2005 (Julian day 209) to July 2008 (Julian
day 193) were acquired from the United States Geological Survey website
(http://lpdaac.usgs.gov) in order to map crops during the 2006–2007 harvest. The
MOD13Q1 product from the TERRA satellite provides the VIs that are used to study
the phenological cycles. Both NDVI and EVI time series are considered to be efficient
Table 1. Ground data collected for the 2005–2006 and 2007–2008 harvests with the five land use
classes.
2005–2006 2006–2007
Land use classes No. of fields Area (ha) No. of fields Area (ha)
Soybean 96 15 068 48 7838
Cotton 39 7472 104 19 510
Soybean + non-commercial
crops
233 32 686 174 26 219
Soybean + maize 139 26 021 361 60 933
Soybean + cotton 114 21 149 209 41 341
Total 621 102 396 896 155 841
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Crop classification in Mato Grosso, Brazil 7
in detecting the seasonal responses of vegetation (Wardlow et al. 2007). However, the
EVI is more sensitive than the NDVI for high biomass regions (Huete et al. 1999).
This is due to the fact that the NDVI saturates faster than the EVI, resulting in the
NDVI being less effective in separating crops (Chen et al. 2004). Moreover, the EVI
is less affected by atmosphere and soil disturbances (Huete et al. 2002). Therefore, the
EVI was chosen for this study.
EVI is defined as in equation (1):
EVI = G (NIR) − R
(L + (NIR) + C1R − C2B) , (1)
where R, NIR and B correspond to the red, near infrared and blue bands respectively;
G = 2.5 (the gain factor); L = 1, C1 = 6 and C2 = 7.5, and are adjusting parameters
used to minimise aerosol effects (Huete et al. 2002).
The MOD13Q1 EVI time series have a 16 day temporal resolution (23 images per
year), allowing vegetation cycle monitoring. A constrained view-maximum value com-
posite (CV-MVC) method based on daily data (Huete et al. 2002) is used to process the
16 day image time series. This processing discards some noise originating from cloud
effects and view angles.
The 250 m MODIS spatial resolution is considered to be particularly suitable for
detecting crops in Mato Grosso, where the fields are generally of large surface area.
For example, the mean size of a field in our ground data set (1890 fields) was 176 ha,
that is, 28 MODIS pixels per field.
4. Methods
A new method for detecting crops through a two-step classification is proposed. The
first step consists of separating agricultural areas from native vegetation and pasture.
Once this agricultural masking is done, the second classification step separates the
five crop classes previously defined. This two-step methodology is necessary because
we argue that vegetation types and crop classes are not separable by the same char-
acteristics of EVI time series. Main vegetation types may be discriminated by metrics
computed on their EVI values, while crop classes are more easily differentiated by their
agricultural calendars.
An interest of the present research is also to study the historical records of both crop
expansion and practice changes for the state of Mato Grosso. Availability of MODIS-
TERRA data since 2000 allows the reconstitution of the crop expansion history if the
methodology used is sufficiently robust to reduce the interannual variability sensitivity
of EVI time series (which may be due to the adoption of new practices or local eco-
climatic features) for each studied class. To test the robustness of the method, both
classifications (of agricultural masking and crop classification) were trained based on
the 2005–2006 ground data survey, and validated using the 2006–2007 harvest data.
Images of the 2005–2006 and 2007–2008 harvests were used to improve the quality of
crop maps for the 2006–2007 harvest by applying transition rules.
Validations of both classifications were based on ground data by analysing 100 pix-
els randomly computed for each land use class in order to eliminate the bias linked
to spatial autocorrelation that exists in the agricultural environment (Congalton 1988,
1991). The results of the second classification were also validated with the official agri-
cultural statistics provided by the IBGE at state and municipality level for each main
D
ow
nl
oa
de
d 
by
 [M
ais
on
 de
 la
 T
ele
de
tec
tio
n]
, [
Vi
nc
en
t D
ub
reu
il]
 at
 03
:09
 10
 A
ug
us
t 2
01
1 
8 D. Arvor et al.
crop (soybean, maize and cotton). However, these data could not be used to validate
the potential of the first classification in estimating the total agricultural area. Indeed,
the variable ‘total planted area’ proposed by IBGE considers a sum of every planted
area for each crop separately. As a result, some fields planted in a double cropping
system were counted twice and the total area effectively dedicated to agriculture was
not accurately estimated.
4.1 Classification of VI time series
Most of the previous classification methods involving VI time series have been based
on five steps. First, the mean VI time series of each vegetation class was observed, to
determine whether it succeeded in representing the observed plant phenological cycles
and ageing. Second, although the CV-MVC methodology had been applied by data
providers from theNational Aeronautics and Space Administration (NASA) to reduce
existing noise in the original daily MODIS EVI time series, the acquired 16 day EVI
data was frequently affected by errors which can be linked to cloudiness, data trans-
mission errors, problems in atmospheric corrections and bidirectional effect (Viovy
et al. 1992, Swets et al. 1999, Chen et al. 2004, Ma and Veroustraete 2006). Therefore,
16-day EVI times series should be smoothed to improve the interclass differentiation.
Various smoothing algorithms exist (Pettorelli et al. 2005, Klisch et al. 2006, Hird and
McDermid 2009). Third, with excellent acquisition conditions, it was possible that too
many input data images were available for the classification. It was then necessary to
consider that images carrying little discriminating information for class separability
may decrease the classification accuracy. This is known as the Hughes effect (Van Niel
et al. 2005). Thus, a data set dimensionality reduction step was carried out. This was
done through a feature selection or a feature extraction process. Fourth, the classifi-
cation was computed based on the newly created data set. Various classifiers could
be tested, such as maximum likelihood, spectral angle mapper, or decision tree algo-
rithms. Finally, a post-classification process was applied to improve the results of the
per-pixel classification through the application of interannual transition rules and a
segmentation process which aimed at eliminating the ‘salt-and-pepper’ effect of the
per-pixel classification.
The next two sections (§§4.2 and 4.3) and figure 2 present the global classification
procedure based on this five-step process applied to two successive classifications.
4.2 Creation of an agricultural mask
The first classification methodology, aiming at identifying agricultural areas, is largely
inspired by Jonathan (2005). EVI time series of the four vegetation classes (agricul-
ture, cerrado, forest and pasture) are presented in figure 3. The forest’s EVI time series
were characterized by nearly constant high EVI values throughout the year, while pas-
ture and cerrado were defined by a slight EVI increase between the dry and the rainy
seasons. Agriculture’s profile was marked by one or two vegetative cycles with high
maximum EVI values during the rainy season and low values during the dry season.
The MODIS EVI time series were then smoothed by minimizing the quadratic
error e2 between an eight degree polynomial function and the observed time series,
as defined in equations (2) and (3):
f (x, a) = a0 + a1x + a2x + . . . + anxn (2)
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Figure 2. Classification methodology based on a five-step process applied twice on MODIS-
TERRA/EVI data.
and
e2 =
d∑
i=0
(yi − f (xi, a))2, (3)
where n = 8, xi is the ith date of the time series, yi is the ith EVI value of the time series,
d is the number of dates comprising the time series and a is the coefficient vector of the
polynomial function. This algorithm was considered to be adequate for discriminating
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Figure 3. Mean EVI time series of the agriculture, pasture, cerrado and forest classes. Means
were calculated based on all the pixels included in polygons considered as ground data for the
2005–2006 harvest (areas of ground data for each class are indicated in table 1).
the agricultural class from other vegetation covers with clearly different temporal
profiles (Jonathan 2005).
Six features of the annual EVI smoothed time series inspired from Jonathan (2005),
Morton et al. (2006) and Galford et al. (2008) were computed, because of their ability
in separating crops from other land covers. For each annual time series of a pixel, the
following features were selected.
1. Mean: the mean EVI value of the 23 images gives information on the constant
or seasonal presence of vegetation in a pixel.
2. Date of maximum: the number of the image with the maximum EVI value gives
information on the velocity of the phenological cycle, allowing discrimination
of natural cycles from crop cycles.
3. Minimum: the minimum EVI value gives information on the presence/absence
of vegetation during the dry season.
4. Absolute mean derivative (AMD): computed as in equation (4), gives informa-
tion on the growth rate of vegetation, allowing discrimination of natural cycles
from crop cycles:
AMD =
∣∣∣∣∣∣∣∣∣
N∑
x=1
f ′(x, a)
N
∣∣∣∣∣∣∣∣∣
, (4)
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Crop classification in Mato Grosso, Brazil 11
where f (x, a) is the polynomial function described in equation (2) and N is the
number of images in an annual time series (i.e. N = 23).
5. Amplitude: the difference between the maximum and minimum EVI values
gives information on the intensity of vegetation evolution between the dry
season and the rainy season.
6. Standard deviation: the standard deviation computed on the 23 EVI values
gives information on the variation of the phenological cycles during one year.
Histograms of class features (figure 4) showed that AMD, amplitude and standard
deviation were the most efficient parameters to separate crops from the three other
vegetation covers. The mean, minimum and dates of maximum EVI of the annual
time series were more accurate in separating forest from the other classes. Pasture and
cerrado classes had quite similar EVI time series and, thus, were difficult to separate.
The six metrics were then normalized to avoid confusion between different units. A
maximum likelihood classifier was finally applied on these six metrics, based on the
2005–2006 training year, to map the 2006–2007 land cover.
Finally, non-crop classes were grouped in order to focus the classification on crop
detection. Results were then improved by the application of two-condition rules. Once
all classification had been performed for each year of the study period, the first rule
25
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Figure 4. Histograms of the six chosen metrics (mean, date of maximum EVI, AMD,
minimum, amplitude and standard deviation) used to discriminate the four classes.
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12 D. Arvor et al.
took into account the possible class transitions between successive years. It is assumed
that it is not possible to observe two class changes in three successive years. For
instance, a pixel can not be classified as crop (non-crop) at year y if it has already been
classified as non-crop (crop) at y − 1 and y + 1. When this situation occurred, the
non-crop (crop) class was assigned to the considered pixel. The second rule assigned
‘non-crop class’ to each isolated patch of pixels smaller than 25 ha (four MODIS
pixels) and classified as crop. This threshold was inspired by Morton et al. (2006).
Indeed, these authors consider that soybean expansion occurs through large defor-
estation events, whose minimal area is 25 ha. Thus, isolated crop fields smaller than 25
ha should not exist. When compared to our ground data set (1890 fields), only 1.4%
of the fields were effectively smaller than 25 ha and those fields were not located in
isolated areas.
4.3 Crop classification
Once agricultural areas were detected, a second classification based on a similar five-
step process was applied in order to separate the five crop classes.
4.3.1 Presentation of the mean time series. The five mean EVI time series corre-
sponding to the five crop classes are presented in figure 5. They correctly represent the
agricultural calendars observed during our field missions in Mato Grosso. Soybean
is planted from late September to early December, after the rainy season onset, while
0.8
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0.4
E
V
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0.2
0.0
Soybean
Soybean + maize
Cotton
Soybean + cotton
Soybean + Non commercial crop
28 Jul
2005
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2006
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Figure 5. Mean MODIS EVI time series of the five crop classes for the 2005–2006 harvest.
Means were calculated based on all the pixels included in polygons considered as ground data
for the 2005–2006 harvest (areas of ground data for each class are indicated in table 1).
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Crop classification in Mato Grosso, Brazil 13
the harvest period occurs from late January to early April. Cotton can be cultivated
in a single (planting dates in December) or double (planting dates in January after
the early soybean harvest) cropping system. It corresponds to the ‘cotton’ and ‘soy-
bean + cotton’ classes respectively. Maize is planted in February in a double cropping
system after soybean (‘soybean + maize’ class). Millet and sorghum (‘soybean + non-
commercial crop’ class) are planted in March–April after the late soybean harvest.
They are used to maintain a constant vegetation cover on the fields during the dry
season to reduce soil erosion and improve future soybean productivity when no-tillage
agricultural system is used. Finally, soybean (‘soybean’ class) planted in a single crop-
ping system represents a non-recommended practice as it increases soil and water
pollution and reduces soil fertility.
4.3.2 Smoothing time series. The polynomial smoothing algorithm is considered
efficient for separating quite distinct temporal profiles such as agriculture, pasture,
forest and savanna classes (Jonathan 2005). However, when classifying crops, the EVI
time series are much less clear (figure 5). Thus, a more accurate smoothing algorithm
was necessary. Tests were carried out using four smoothers: the weighted-least squares
(Swets et al. 1999), the mean value iteration (Ma and Veroustraete 2006) and the best
index slope extraction (Viovy et al. 1992) algorithms, and the Savitzky–Golay filter
(Savitzky and Golay 1964, Chen et al. 2004); results were presented in Arvor et al.
(2008b) and showed that the Savitzky–Golay filter was the most efficient algorithm.
4.3.3 Feature selection. Applying a feature extraction process as in the first classi-
fication would lead to useless features due to the high similarities observed between
the EVI time series of the five crop classes. As an example, the amplitude of the EVI
time series does not allow us to discriminate between the classes ‘soybean’, ‘soybean +
non-commercial crop’ and ‘soybean + maize’ because the highest EVI value corre-
sponds to the soybean crop, which is common to each class. To solve this problem,
features were computed on each vegetative cycle in order to separate each crop.
However, extracting features of short vegetative cycles (the soybean cycle is between
90 and 130 days) based on EVI time series with a 16 day temporal resolution was not
efficient for separating the different crop classes. For these reasons, a feature selection
based on the computation of separabality tests (Thomas et al. 1987) was carried out
to reduce the data set dimensionality by choosing only images of the entire EVI time
series that presented the most useful information for separating the five crop classes.
These tests were made for each MODIS image based on the Jeffries–Matusita (JM)
distance as proposed by Wardlow et al. (2007) and Van Niel et al. (2005). This dis-
tance measures the separability between two classes j and k in a multivariate data set
according to their probability functions (Wardlow et al. 2007). The JM distance ranges
between 0 (low separability) and 2 (high separability) and is defined as presented in
equations (5)–(7):
JM = 2(1 − e−B) (5)
where:
B = 1
8
D2 + 1
2
ln
(∣∣∣∣∣
∑
j +
∑
k
2
∣∣∣∣∣
/√∣∣∣∑
j
∣∣∣ ∣∣∣∑
k
∣∣∣
)
, (6)
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14 D. Arvor et al.
and
D2 = (µj − µk)T
(∑
j +
∑
k
2
)−1 (
µj − µk
)
. (7)
µj and µk correspond to the class-specific mean vectors of EVI values and
∑
j and∑
k are unbiased estimates for the class-specific j and k covariance matrices (Wardlow
et al. 2007).
The JM distances are applied on pairs of classes but they do not allow an overall
opinion to be formed on the separability of all classes for each MODIS date. To solve
this issue, it has been proposed to compute global separability indices (Swain and
King 1973, Thomas et al. 1987, Bruzzone and Serpico 2000). This consisted of mea-
suring the mean of the JM distances weighted by the a priori probabilities of different
classes for each MODIS date. Then, the weighted average separability distance, Jave,
as defined by equation (8), allowed measurement of the global potential of separability
between the five classes for each MODIS date (Swain and King 1973, Bruzzone and
Serpico 2000, Cantu-Paz et al. 2004, Wardow et al. 2007):
Jave = 1m(m − 1)
m−1∑
j=1
m∑
k=j+1
(JM)jk, (8)
where m is the number of classes and JMjk corresponds to the Jeffries–Matusita
distance between classes j and k.
This measure corresponds to a criteria function that is used in filter methods for
feature selection (Swain and King 1973). Best separability was obtained in the months
from March to May that correspond to the presence of the second culture in the
double-cropping system, that is, to the period with more variability in agricultural
practices. In austral summer, during soybean’s vegetation cycle, good separability was
also achieved due to the differences in planting dates (from September to December)
according to the agricultural practice. As expected, lowest separability was found
during the dry season (July–August), when no crop is planted.
The 23 images that compose a MODIS year were finally ranked according to their
Jave value, and 23 combinations of MODIS EVI images were created by integrating
successively the ranked images.
4.3.4 Classifier selection. The 23 combinations were used as inputs in a supervised
classification process. The optimal combination of images, which would improve the
classification accuracy, was determined by analysing the classification statistics applied
to the ground data sets introduced in table 1 (with training data from the 2005–2006
harvest and validation data from the 2006–2007 harvest). Three classifiers were tested:
the maximum likelihood (ML) (Lillesand and Kiefer 1987) classifier already used
when creating the crop mask, the spectral angle mapper (SAM) classifier (Rembold
andMaselli 2006) and the C4.5 decision tree (Quinlan 1996). Best classification results
were obtained when integrating 13MODIS dates with theML classifier (see validation
of the classification in §5.2). The selected images correspond to the following Julian
days: day 001 for 1 January, day 017 for 17 January, day 033 for 2 February, day 081
for 22 March, day 097 for 7 April, day 113 for 23 April, day 129 for 9 May, day 145
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Crop classification in Mato Grosso, Brazil 15
for 25 May, day 161 for 10 June, day 305 for 1 November, day 321 for 17 November,
day 337 for 3 December and day 353 for 19 December. The selection of these thirteen
MODIS dates was based on the training site data acquired from 17 municipalities
(figure 1). However, it should be noted that these optimal dates may vary depending
on the study scale as a function of the regional variability of agricultural practices.
Moreover, although the maximum likelihood classifier has been proved to be the most
efficient, it is necessary to introduce the main limits linked to this algorithm for land
cover area estimation. Gallego (2004) asserts that this classifier tends to overestimate
small classes and underestimate large classes. It is possible to reduce this effect by
applying a priori probabilities for each class based on ground sample data. However,
in this study, it was decided not to apply such a priori probabilities. Indeed, due to
its very large size, the state of Mato Grosso is composed of various different rural
landscapes on a regional scale. As a consequence, it was not possible to apply a priori
probabilities that would correspond to each region. Thus it was considered better not
to apply a priori probabilities, even though it should be noted that the resulting area
estimates would be affected by the limits previously presented.
4.3.5 Post-classification treatment based on segmentation. It has been widely stated
in the literature that per-pixel classification procedures often lead to unrealistic land
cover assessments, leading to the so-called ‘salt and pepper’ effect, due to a rela-
tively high number of isolated misclassified pixels (Lillesand and Kiefer 1987). It
has been proposed to employ ‘object-oriented’ classification approaches, which are
based on the characteristics of segments or regions issued from the input images
(Blaschke and Strobl 2001). These approaches have been traditionally applied to high
resolution imagery, where image regions were computed based mainly on spectral sim-
ilarities between neighbouring pixels. For instance, Fritz et al. (2008) improved the
crop classification results obtained by MODIS NDVI time series through segmenta-
tion of a Landsat image. A unique class, determined by classifiying MODIS data, was
attributed to each segment, thus eliminating the ‘salt and pepper’ effect. However,
it would require heavy computational resources, unavailable for our study, to segment
the entire state ofMatoGrosso with Landsat images. Thus, the segmentation was done
based on the MODIS-TERRA/EVI data. It was reasoned that segmentation at this
level of spatial resolution would be efficient since fields inMato Grosso are quite large.
The ‘object-oriented’ approach is a two-step approach involving, first, the segmen-
tation and, second, the assignment of a class to each segment. The first step actually
consisted of a multi-band segmentation. Each band was associated with one of the 13
MODIS EVI images that had been proved to carry the most useful information for
class discrimination in the previous step of the classification process. Due to the fact
that each MODIS EVI image corresponds to a time period of the annual time series,
the process can be understood as a temporal segmentation that aims at identifying
homogeneous patches using similarities between the EVI time series of each pixel.
Moreover, a region-growing segmentation algorithm (Bins et al. 1996) was chosen
since it is more concerned with the internal homogeneity of each segment rather than
the clear distinction between neighbouring segments (as opposed to the watershed
segmentation algorithm for example (Beucher and Meyer 1993)).
The second step (in traditional approaches) considers mean values computed for
all pixels within the segment to attribute classes. In this work, these mean values cor-
responded to the mean temporal phenological behaviour observed in each segment.
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16 D. Arvor et al.
However, this methodology may be inappropriate because pixels of mixed or noisy
EVI time series influence the overall segment measure, and segmentation based on
medium resolution images involves a lower heterogeneity between objects. Thus, it was
argued that a better approach would consist in evaluating each of the segment’s pixels
based on its posterior probabilities of belonging to each agricultural land use class.
In fact, as observed in Jonathan (2005), higher posterior probabilities (resulting from
the per-pixel ML classification previously carried out) can be related to higher levels
of classification confidence. Then, giving priority to evaluations with higher classifica-
tion confidence should effectively lead to more accurate final mapping results. It was
proposed that each segment computed at the segmentation step should be evaluated
as being covered by that land use class which showed the highest average posterior
probability for all of its pixels. In this way, the influence of pixels with low posterior
probabilities (usually associated with unrecognisable, atypical or disturbed temporal
behaviours) was minimized in the final evaluation of each segment.
The segmentation step was implemented using the eCognition software (Trimble,
Sunnyvale, CA, USA) while the assignment step was developed on C++. The median
size of detected segments in cultivated areas was 188 ha and the mean size was 294
ha (compared with the 176 ha mean size of fields mapped during field work). As
explained by Jonathan et al. (2008), the newly proposed object-oriented approach is
more efficient than the classic object-oriented approach. The kappa index (Congalton
et al. 1983) of the per-pixel classification is significantly enhanced according to the
McNemar test applied at a 95% confidence level (Foody 2004).
5. Results
5.1 Creation of the agricultural mask
The results of the agricultural mask classification (kappa index = 0.8067 and overall
accuracy = 85.50%) confirmed the efficiency of the method in discriminating the main
land covers in Mato Grosso (table 2). Pasture and cerrado classes were difficult to
differentiate owing to the similarities of their EVI time series (figure 3). This result
highlights a limit of the classification process, illustrated by Ferreira and Huete (2004),
who estimated that 13% of the Brazilian cerrado area is actually occupied by native
pastures. However, forest and crop classes were well separated. Producer’s accuracy
Table 2. Confusionmatrix of the first classification, aiming at creating an agricultural cropmask
for the 2006–2007 harvest.
Ground data
Crops Cerrado Forest Pasture Total
User’s
accuracy
Classification
Crops 95 0 0 4 99 95.96%
Cerrado 2 68 2 6 78 87.18%
Forest 0 7 98 9 114 85.96%
Pasture 3 25 0 81 109 74.31%
Total 100 100 100 100 400
Producer’s
accuracy
95.00% 68.00% 98.00% 81.00%
Note: Overall accuracy 85.50%, kappa index = 0.8067.
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Figure 6. Agricultural mask resulting from the classification for the 2006–2007 har-
vest. Protected areas correspond to conservation units and indigenous lands according to
maps downloaded freely from the Brazilian Ministry of Environment (http://mapas.mma.
gov.br/i3geo/datadownload.htm).
and user’s accuracy for the ‘crops’ class were higher than 95% and validated the quality
of the agricultural mask.
The classification detected 5 617 250 ha of agricultural area in Mato Grosso in
2006–2007, that is, 6.2% of the state’s area. Four main agricultural regions were iden-
tified (figure 6): (1) along the BR163 highway that links Cuiaba to Santarem (state of
Para); (2) on the Parecis plateau, in the western part ofMato Grosso, including munic-
ipalities of Sapezal; (3) the south-eastern part ofMatoGrosso, near Rondonopolis and
Primavera do Leste; and (4) the eastern part of Mato Grosso, near Querencia.
5.2 Crop classification
The crop classification was validated with ground data of the 2006–2007 harvest.
Overall accuracy was 74% and the kappa index was 0.675. These relatively low val-
ues indicate confusion between classes which disturbed the classification, and are
presented in a confusion matrix (table 3). Part of this confusion was linked to the
spatial variability of crop calendars, where some agricultural practices may be slightly
delayed in time in some areas and thus disturb the classification process. But the main
confusion existed between the ‘soybean’ and ‘soybean+ non-commercial crop’ classes.
Although farmers do not plant anything after the soybean harvest in single crop soy-
bean areas, unwanted vegetation grows, taking advantage of the last rainfall of the
rainy season. As a consequence, the EVI time series of both classes presented very
similar patterns with a small vegetative cycle centred in April (figure 5). The classifi-
cation was therefore not efficient for separating the agricultural practice of planting
a specific plant in succession to soybean in order to limit soil erosion, and adopting
a no-tillage practice following soybean planting, from the practice of growing a sin-
gle crop of soybean. However, these two confused classes (‘soybean’ and ‘soybean +
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18 D. Arvor et al.
Table 3. Confusion matrix of the second classification aiming at mapping crops for the 2006–
2007 harvest.
Ground data
1 2 3 4 5 Total
User’s
accuracy
Classification
1. Soybean 64 17 5 0 10 96 66.67%
2. Soybean + non-
commercial crop
29 65 21 0 1 116 56.03%
3. Soybean + maize 2 16 69 8 0 95 72.63%
4. Soybean + cotton 0 1 3 85 2 91 93.41%
5. Cotton 5 1 2 7 87 102 85.29%
Total 100 100 100 100 100 500
Ground data
User’s
1 2 3 4 5 Total accuracy
Classification
1. Soybean 64 17 5 0 10 96 66.67%
2. Soybean +
non-commercial
crop
29 65 21 0 1 116 56.03%
3. Soybean + maize 2 16 69 8 0 95 72.63%
4. Soybean + cotton 0 1 3 85 2 91 93.41%
5. Cotton 5 1 2 7 87 102 85.29%
Total 100 100 100 100 100 500
Producer’s accuracy 64.00% 65.00% 69.00% 85.00% 87.00%
Note: verall accuracy 74.00%, kappa index = 0.6750.
non-commercial crop’) only included one commercial crop (soybean) and thus did
not prevent mapping of the main commercial crops. Producer’s and user’s accuracies
(Story and Congalton 1986) of the ‘soybean+maize’, ‘soybean+ cotton’ and ‘cotton’
classes were good, and confirmed the methodology’s potential in detecting commer-
cial crops, such as soybean, maize and cotton, planted in a single or double cropping
system.
The classification was also validated with IBGE official statistics. At state level, all
crop areas were well estimated, with relative differences varying from 2.5% (soybean
and cotton) to 7.5% (maize). The classification underestimated the maize planted area
owing to the fact that many smallholder farmers plant this crop on small areas, which
MODIS cannot detect at this spatial resolution. On the other hand, soybean and cot-
ton crops were only planted on extensive farms and their cultivated areas were well
estimated. At a municipality level, correlation coefficients computed between each
crop area measured by the classification process and the estimates of IBGE (Pesquisa
Agricola Municipal) for the 2006–2007 harvest were highly significant (R > 0.98) and
confirmed the ability of the classification to map those crops in Mato Grosso (table 4).
The resulting crop classification (figure 7) showed that soybean was the main
crop cultivated in the four agricultural areas presented earlier. On the other hand,
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Table 4. Validation of the classification with IBGE data for the 2006–2007 harvest at state level
and municipality level (145 municipalities considered).
Cotton Maize Soybean
State level IBGE (ha) 560838 1650471 5075079
Classification (ha) 574706 1526713 5200913
Difference (%) 2.5% −7.5% 2.5%
Municipality level Correlation coefficient 0.991 0.987 0.993
Administrative limits
Protected areas
Soybean
Soybean + maize
Soybean + cotton
Cotton
(a) (b)
(d)(c)
Figure 7. Maps of the four commercial crop classes for the 2006–2007 harvest for the four
main agricultural regions in Mato Grosso: (a) Parecis plateau, (b) along the BR163 highway,
(c) south-eastern region and (d) eastern region.
maize and cotton crops were unequally distributed in all regions of Mato Grosso.
Maize was mainly cultivated along the BR163 and on the Parecis plateau (figures
7(a), (b)). Cotton fields have historically been found more in the south-eastern region
(figure 7(c)), where the single cropping system is prominent (83% of the cotton area
in Primavera do Leste during the 2006–2007 harvest). On the Parecis plateau, cot-
ton planted in the double cropping system is much more common (49% of the cotton
area in Sapezal in the 2006–2007 harvest). In this region, there are huge farms (up to
± 20 000 ha), which have invested in cotton to diversify and intensify their produc-
tion without stopping planting soybean. Finally, 30% of the total agricultural area in
Mato Grosso was cultivated in a double cropping system with two commercial crops
in 2006–2007 (‘soybean + maize’ or ‘soybean + cotton’), illustrating the agricultural
intensification process. However, a strong spatial variability was perceived at the state
level. For example, farmers from municipalities located along the BR163 highway and
on the Parecis plateau massively adopted the double cropping system (51% in Sorriso
and 45% in Sapezal). Conversely, farmers from eastern and south-eastern regions did
not apply this technique (8% in Rondonopolis and less than 1% in Querencia). In
Rondonopolis, this result is mainly explained by a slightly shorter rainy season in the
south-eastern and eastern areas, which does not allow farmers to plant two successive
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crops (Arvor et al. 2008a). In the Querencia region, soybean farmers arrived recently
(after the 2003–2004 harvest) and they now need some time to improve soil quality
with fertilizers before adopting double cropping systems.
6. Conclusions
The annual 250 m MODIS-TERRA/EVI time series were treated through two suc-
cessive classifications based on five steps to differentiate the phenological patterns of
each vegetation cover. The classification results showed the ability of this method-
ology to discriminate cultivated areas (producer’s and user’s accuracies higher than
95%) and map crops (overall accuracy = 74% and kappa index = 0.675) in Mato
Grosso for the 2006–2007 harvest. This therefore confirmed the efficiency of MODIS-
based remote sensing techniques to help in obtaining agricultural statistics, such as
planted area or single versus double cropping systems, at state and municipality
levels. At a regional scale, the MODIS/EVI time series are efficient in detecting spa-
tial and temporal dynamics of agricultural areas. However, further studies should
be carried out to check how the proposed methodology is affected by the spatial
and temporal variability of agricultural practices (crop calendars) and different nat-
ural conditions (vegetation, rainy seasons) and, thus, different patterns of EVI time
series.
In Mato Grosso, our results concern the three main commercial crops planted in
this state (soybean, maize and cotton). These crops were planted in four agricultural
regions. The classification map showed inter-regional differences in agricultural prac-
tices adopted by farmers. Soybean was dominant in every region but maize was mainly
planted on the Parecis plateau and along the BR163 highway. Cotton was mainly
planted in the south-eastern region and on the Parecis plateau. The classification also
managed to detect agricultural practices based on the single or double cropping sys-
tem with commercial crops. A total of 30% of the cultivated area in Mato Grosso was
planted with two commercial crops. This result means that without intensifying pro-
duction through the adoption of double cropping systems, an additional 1.68 million
hectares (30% of the agricultural area measured during the 2006–2007 harvest) would
be needed to reach an equivalent agricultural production in Mato Grosso. From that
point of view, Borlaug’s hypothesis, assuming that vertical agricultural intensification
reduces deforestation, is confirmed at state level. However, double cropping systems
were mainly detected in the BR163 region and on the Parecis plateau where high defor-
estation rates were reported (+10.4 and +20.5% in Sorriso and Sapezal respectively
between 2001 and 2005) according to deforestation maps provided by the Secretary of
Environment of Mato Grosso (SEMA-MT). Those rates are much higher than those
observed in Rondonopolis (+1.5%) andmuch lower than those measured in Querencia
(+47%), which are two municipalities characterized by low vertical intensification.
Thus, further analysis on a local scale should be carried out to better understand if
the agricultural intensification processes (horizontal and vertical) act as a brake or an
accelerator of deforestation. This would involve using deforestation maps and crop
maps in order to (1) determine what percentage of total deforestation is carried out to
convert land to agriculture, (2) calculate what percentage of total agricultural expan-
sion has been observed on recently deforested areas, (3) measure how many years are
needed for a deforested area to be cultivated in a single and then in a double crop-
ping system and (4) evaluate what part of the increase in total agricultural production
is explained by crop expansion or by the adoption of double cropping systems. These
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results should be computed at regional and local scales to take into account the spatial
variability linked to each agricultural region in Mato Grosso.
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